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(57) ABSTRACT

Methods and systems are described for building and using a
support vector machine for classitfying a new sample. Train-
ing samples of one class or another class are used to build
the machine by mapping the angle space to a set of angle
vectors and, for each angle vector, finding candidate hyper-
planes that are orthogonal to a vector at the angle vector and
radiating from an origin point to the hyperplane. An optimal
pair of candidate hyperplanes at one of the angle vectors is
selected on the basis of the distance between the pair and the
number of samples between them. The selection may be
based on hard margin or soft margin approaches. A matrix-
based implementation is presented. New training samples
may be added, removed, or reclassified without requiring
recalculation of the entire support vector machine.
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CONSTRUCTING AND USING SUPPORT
VECTOR MACHINES

FIELD

The present application generally relates to classifiers
and, in particular, to methods and devices that provide
computationally-efficient support vector machine learning.

BACKGROUND

Support vector machines are used in binary classification
of samples. A support vector machine is typically con-
structed using a set of training samples and quadratic
programming techniques to solve the difficult computational
problem of identifying a suitable classification hyperplane in
the relevant data space. With multi-dimensional space, or a
large number of samples, the building of a support vector
machine using indirect quadratic programming is complex
and difficult and often is unable to adapt to changes in the set
of training samples.

BRIEF DESCRIPTION OF THE DRAWINGS

Reference will now be made, by way of example, to the
accompanying drawings which show example embodiments
of the present application, and in which:

FIG. 1 shows an example 2-dimensional data space with
training samples and hyperplanes;

FIG. 2 shows the example data space with sibling hyper-
planes;

FIG. 3 shows an example polar coordinate system in the
data space;

FIG. 4 shows the data space with a radial distance
measurement from origin to hyperplane along a normal
vector;

FIG. 5 shows, in flowchart form, one example method of
building a support vector machine;

FIG. 6 shows, in flowchart form, another example method
of building a support vector machine;

FIG. 7 shows, in flowchart form, yet a further example
method of building a support vector machine; and

FIG. 8 shows a block diagram of one embodiment of a
system for building and implementing a support vector
machine.

Similar reference numerals may have been used in dif-
ferent figures to denote similar components.

DESCRIPTION OF EXAMPLE EMBODIMENTS

In one aspect, the present application describes a method
of building a support vector machine for classifying a new
sample, the support vector machine being based upon a set
of samples in an N-dimensional data space, the set of
samples having a plurality of samples of one class and a
plurality of samples of another class. The method includes
mapping an angle space to a fixed set of angle vectors and,
for each angle vector, finding, for each sample, a candidate
hyperplane associated with that angle vector, wherein each
candidate hyperplane is a radial distance from an origin
point measured along a vector from the origin and normal to
the candidate hyperplane, and wherein the vector points to
the direction given by the angle vector in the data space. The
method includes selecting a pair of the candidate hyper-
planes as an optimal pair of hyperplanes on the basis of a
distance between pairs of the candidate hyperplanes parallel
to each other and the number of samples between the
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candidate hyperplanes; and determining a classification
hyperplane as a hyperplane parallel to and between the
optimal pair of hyperplanes. The classification hyperplane
determines whether the new sample is in the one class or in
the another class based on which side of the classification
hyperplane the new sample is located.

In yet another aspect, the present application a support
vector machine system for classifying a new sample, the
support vector machine being based upon a set of samples in
an N-dimensional data space, the set of samples having a
plurality of samples of one class and a plurality of samples
of another class. The system includes one or more proces-
sors; memory; and processor-executable instructions that,
when executed by the one or more processors cause the one
or more processors to carry out one or more of the described
methods.

In another aspect, the method and system are for classi-
fying a portion of an image or video. The portion of the
image or video defines the new sample in the data space. The
set of samples are classified image or video data.

In another aspect, the support vector machine is a clas-
sification device. In some embodiments the classification
device is implemented on a computing device, mobile
handheld device, a server, or the like.

In yet a further aspect, the present application describes
non-transitory computer-readable media storing computer-
executable program instructions which, when executed, con-
figured a processor to perform the described methods.

Other aspects and features of the present application will
be understood by those of ordinary skill in the art from a
review of the following description of examples in conjunc-
tion with the accompanying figures.

In the present application, the term “and/or” is intended to
cover all possible combination and sub-combinations of the
listed elements, including any one of the listed elements
alone, any sub-combination, or all of the elements, and
without necessarily excluding additional elements.

In the present application, the phrase “at least one of . . .
or...” is intended to cover any one or more of the listed
elements, including any one of the listed elements alone, any
sub-combination, or all of the elements, without necessarily
excluding any additional elements, and without necessarily
requiring all of the elements.

Support vector machines (SVMs) are supervised machine
learning tools useful in classification and regression analy-
sis. In their original forms, SVMs are designed for binary
classification. If non-binary classification is required, a
common approach is to decompose the problem into a series
of binary classification problem. Given a set of training
samples, which are either labelled positive “+” or negative
“~” (or whatever other binary notation is desired for iden-
tifying one class versus another class), a SVM training
algorithm intends to find a hyperplane that separates the two
classes of training samples with the maximum margin. In
one example, the maximum margin is found when the sum
of the distance from the hyperplane to the nearest positive
sample and the distance from the hyperplane to the nearest
negative sample is maximized.

Reference is now made to FIG. 1, which shows a two-
dimensional data space 10. It will appreciated that the data
space may be of n-dimensions in other embodiments and
that a hyperplane in an n-dimensional space is a plane of n-1
dimensions (e.g. in a three-dimensional space, the hyper-
plane is a two-dimensional plane). In the case of a two-
dimensional data space, hyperplanes are one-dimensional
lines in the data space.
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The data space 10 has six example training samples 12,
14. The training samples include samples of one class, here
termed “negative” samples 12, and samples of another class,
here termed “positive” samples 14. Four candidate hyper-
planes are shown, labelled H,, H,, H,, H;. It will be noted
that H; does not separate the two classes; H, and H, do but
with smaller margins than H,; and H, separates the two
classes with the maximum margin. Accordingly, a good
SVM training process will output H, as the classification
hyperplane, i.e. the hyperplane used to classify new samples
as either positive or negative.

Formally, a SVM training algorithm learns the following
function from the training samples,

— —
Ax)y=b+<w, x>,

which in turn leads to the following classifier,

+ fH=0

it = .

In the above, X denotes the sample to be classified, w the
normal vector that defines the desired hyperplane in a SVM,
and b is a constant offset, which may be zero in some
embodiments. <>denotes the inner product, i.e. the projec-

tionof X onto w, which gives a point on w that is a distance
from the origin. Let {(X,, y,); O<i<n} denote a set of n>1

training samples, where y,e{+1, -1} denotes the label of ?i.
The function f is sometimes referred to as the decision

function. In order to learn f(?), typical SVM training
algorithms formulate and try to solve the following qua-
dratic programming (QP) problem.

1 1
min§<w, w) subject to y;(b+ (W, X)) =1forall0<i<n M
Wb

Note that in Equation (1), above, b is to be solved as part
of the constraint. Equation (1) applies to the case where the
training samples are linearly separable. In cases where the
samples are not separable or some classification errors are to
be allowed for the purpose of avoiding over-training, the
SVMs are called soft-margin SVMs, and the following QP
problem is formulated and to be solved.

1 n—1

min = (%, Wy + CZ& subject to yi(b+ (%, %) =
wplei 2 g
p

@

1 —§&forall0<i<n.

In Equation (2), §, is a slack variable that allows If(?i)l<l,

or even misclassification of ?i; and C is a constant that
weighs the cost of the slackness. The selection of C is often
based on heuristics and the target applications.

In cases where non-linear classifiers are needed, Equation
(2) can be further modified by using the so-called kernel
trick, i.e., replacing the dot product in Equation (1) and
Equation (2) by akernel K(;,"). Since K(',") can be interpreted
as a dot product in a higher dimensional space, the kernel
trick is essentially trying to project the samples into a higher
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4

dimensional space where they might become linearly sepa-
rable. The corresponding QP problem with a kernel K(,) is
as follows.

®

1 n—1
min =KW, Wy + CZ & subject to yi(b+ KW, %)) 2
Wiz} 2 =0

1-¢ forall O0<i<n.

The computational complexity of solving the QP problem
can be significant: a brute force implementation has a
complexity of O(n®) where n is the number of training data
samples. For applications like video analysis where the
number n of training samples (e.g. extracted local features)
is large, a SVM training algorithm with low computational
complexity is desired and may prove critical in real-time
applications.

In accordance with one aspect of the present application,
instead of formulating SVM training as a QP problem, a
desired hyperplane separating the training samples is found
directly. Specifically, the processes described below have
linear computational complexity O(n), and are also are
highly parallelizable. In some embodiments, the processes
described herein are capable of working with dynamic
training sets, i.e. sets in which samples are added or removed
over time. In some embodiments, the processes described
below are better applicable to situations in which the number
of training samples is large and the dimensions of each
sample are relatively small. The processes below may be
suitable for applications like MPEG’s Compact Descriptors
for Video Analysis (CDVA) that may require online and
on-demand training.

Although some of the example embodiments described
below are illustrated using two-dimensional (2D) data
spaces or three-dimensional (3D) data spaces, it will be
appreciated that the present application is not limited to 2D
or 3D data spaces and is generally applicable to an n-di-
mensional data space.

Hard Margin 2D SVM

Consider the 2D data space with n>1 training samples. Let

{(?i, y,); O=i<n} denote the n training samples, where each

?i is a 2D vector. Note that since the training samples are
separable, there exists a line that separates the positive and
negative samples. The goal of SVM training is to find the
best hyperplane (in this case, a line), i.e. the line that gives
the best possible margin in separating positive and negative
samples. Since all training samples are classified correctly,
these SVMs are called hard-margin SVMs.

Due to the uncertainty about future samples and the

linearity of f(X), it is not necessary to assume that the
solution space for (W,b) is continuous. After all, as long as
two candidate solutions (W,b) and (7,0) are sufficiently
close, i.e. IIW—?II1+Ib—cI<e, then the resulting models
f(;;,b)(?) and f(j,c)(Y) are sufficiently close as well, i.e.

{5 (X )_f(;),c)().( I<(|x ||1)E for any X.

A hyperplane/line separating the samples may be referred
to as a classification line or classification hyperplane. Each
classification line H has two “sibling” lines and H_ and H,
that are parallel to H and to each other. H_ passes through at
least one negative sample and H, passes through at least one
positive sample. In this hard margin example, there is no
positive or negative sample between H_ and H,. In order to
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select a classification line as the best classification line, one
might select the one whose sibling lines have the greatest
distance between them. The classification line may be equi-
distant between the two sibling lines in some embodiments.

FIG. 2 illustrates the 2D data space 10 with training
samples 12, 14. The hyperplane/line H, is shown with its
two sibling lines 16, 18. Negative sibling line 16 passes
through two negative samples 16 and positive sibling line 18
passes through one positive sample 18.

Reference is now made to FIG. 3, which shows the 2D

space 10 with a training sample ?i having coordinates
(X;,0%:.1)s 1-€. ?i:(xi,o,xi,l) in the 2D space 10. For every

candidate line passing through ?i, there is a segment normal
to the line 20, denoted p, ,, that extends to the origin and has
an angle 6,. The line 20 may be described as the shortest
distance between the candidate line and the origin, i.e. the
positive length of a vector from the origin and normal to the
candidate line. The line 20 may be referred to herein as a
“radial segment”, “radial distance” or “radius”, in the sense
that is the radial length of a segment between the candidate
hyperplane and the origin and normal to the candidate
hyperplane. The angle 6, of the radius may be referred to
herein as the “angle vector”, the “normal angle” or the
“radius angle”. The radius is given by:

— . .
P =1 <X ;,(c0s0,,8In8,)>|=lx; jcosO+x; ;sind;l

Q)

Reference is now made to FIG. 4, which shows the 2D
space 10 and the training samples 12, 14. The two sibling
lines 16, 18 of a classification hyperplane have the same
normal angle 6,, but the radius of the “positive” sibling line
18, p,;*, is a distance d longer than the radius of the
“negative sibling line 16, p, 7, since the two sibling lines are
parallel and separated by the distance d. The search for an
optimal classification hyperplane is carried out as the search
for an optimal pair of sibling lines, where the lines are
optimal if they maximize d.

One example process involves quantizing the angle space
[0,m) to create an ordered set of candidate angles
{64, - - - 0, .}, where M is a positive integer. Then, for each

?i, i=0, . . . ,n-1, and for each 6, j=0, . . . ,M-1, calculate
the radius p, J.+F0r every cafldidate angle 6, determine p, ,,,,,”,
pj,max_i pj,min H and pj,max s Where:

0 min ATy 1P

0 ma AMAX; 5 1Py 5

.
0 i AT 1Py o and

pj,max+émaxi:y1:+lpij;

It will be understood that in a normal training situation, it
is not necessarily known whether the “positive” samples will
be further from the origin or whether the “negative” samples
will be further from the original, so both minimum and

maximum radii of both are determined across all samples

?i. The best distance d corresponding to angle 8, is then
found as:

®

From amongst the candidate angles, the optimal one is
selected using:

_ + - - +
dj’max{pj;nin “Pjmax Pimin —Pjmax }

J* = argmax d; (6)
J
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which returns (84,04 .., ) and (04,0« ) @s the two
sibling lines if P ;. =P e ~0J*min*~p . ... 75 other-
wise, returns (84,0, ,,,,") and (05,0 .. ) as the two
sibling lines.

In some embodiments, Equations (5) and (6) may be
implemented together. For instances, in one example the
following process may be used:

1. set =0, compute d,, and set j*=0;

2. increment j by 1;

3. compute d,.

4. If d>d., then j* is updated to j; otherwise, nothing
needs to be done.

5. repeat Steps 2)-4) until j=M-1.

Similarly, in some embodiments, P; .. 0 max Pjmin 2
and p; ., are obtained and updated after each p,; is com-
puted.

In some embodiments, the quantization of the angle space
is implemented using uniform scalar quantization. For
example, [0,) may be quantized into {0, 0.5236, 1.0472,
1.5708, 2.0944, 2.6180} with the step size

or {0, 0.7854, 1.5708, 2.3562} with the step size

However, the present application is not limited to these step
sizes, or to uniform quantization.

The complexity of the above-described process is O(Mn),
mainly due to the complexity of computing p, ;.

The possible sibling lines or hyperplanes may be referred
to as “candidate lines” or “candidate hyperplanes™ herein. A
pair of “candidate hyperplanes” at the same angle are
necessarily parallel to each other and, thus, are sibling lines.
The pair of candidate hyperplanes at the same angle that
result in an optimal distance d and/or number of samples
between them (zero or more), may be selected as the optimal
pair of candidate hyperplanes that then serve as sibling
hyperplanes for defining the classification hyperplane to be
used in the SVM.

Reference is now made to FIG. 5, which shows, in
flowchart form, an example method 100 of building a SVM
for classifying a new sample. The method 100 includes first
quantizing the angle space in operation 102. As noted above,
the quantization may be uniform or non-uniform.

In operation 104, for each candidate angle 6, and for each

sample ?i, the length of the radius to a candidate hyperplane
passing through the sample is determined. From among all
the determined radii at angle 6, the minimum and maximum
are found for both positive and negative samples, i.€. p; ..,
O max 3Py > a0d p, ... ", as indicated by operation 106.
These maximums and minimums help identify those candi-
date pairs of hyperplanes that will result in no samples
between the pair.

In operations 108 and 110, the radiuses that result in the
maximum distance d between pairs of candidate hyperplanes
at each angle is found, for example using Equations (5) and
(6), above.

In operation 112, the classification hyperplane is then set
based upon the optimal angle 8. and the midpoint between
the optimal sibling lines (pair of candidate hyperplanes), i.e.
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=—(p +
P 2(Pl p2)
. -~ _ -~ . _
wherein P10 min and P20 max > if P min —
. >0 =P, ~, and otherwise p,=p.. ., * and
Pjemax 0w min —Pj* max P 1705, min

p2:pj*,max—'

It will be noted that the process described above works
with any training sets, balanced or unbalanced. Recall that
traditional QP-based algorithms find the optimal solution

w* as a weighted sum of training samples, and thus might
subject to bias in an unbalanced training set. In the proposed
solution, the search for the two best sibling lines is focused
on the opposing boundaries of the positive and negative
training samples, and thus is not affected by the number of
samples behind those boundaries.

Soft Margin 2D SVM

In hard margin SVM, pairs of candidate hyperplanes are
selected on the basis that no sample lies between them. In the
example process outlined above, the identification of the
maximum and minimum radii for positive and negative
classed samples and the evaluation of Equation (5) ensures
that the two sibling hyperplanes at a given candidate angle
8, pass through the two samples of each class that are closest
to each other in the radial direction, meaning there are no
samples between the planes.

In soft margin SVM, this constraint is relaxed. This can be
done to account for classification errors in the training
samples that make the samples not linearly separable, and to
lower the risk of overtuning. Instead of explicitly introduc-
ing the slack variable, as found in Equation (2), the process
described below sets a minimum distance d between the
sibling hyperplanes and secks to minimize the number of
samples that falls between that pair of hyperplanes.

In this example process, the angle space is again quan-
tized into an ordered set of candidate angles 6,. For each
candidate angle 8, various sibling hyperplane pairs each a
distance d apart may be evaluated in a search to find the pair
that has the fewest number of samples between them. Note
that each candidate hyperplane does not necessarily need to
pass through one of the training samples.

In one example embodiment, the hyperplanes passing
through the training samples are found and for each class
(positive/negative) the hyperplane with the maximum radius
and the hyperplane with the minimum radius marks the
boundaries of the search space. In other embodiments,
different boundaries may be defined. For example, in one
embodiment the median radius is one of the boundaries of
the search space.

The search space may be quantized candidate hyperplanes
using a radial step size d. In one example implementation,
the step size 0<d<d. In one example, d is an integer multiple
of the step size 8 (i.e. & partitions d). For each pair of
candidate hyperplanes at angle 6,, the number of samples
falling between them is counted. Then, the pair with fewest
number of samples between them is identified as the optimal
pair of candidate hyperplanes for that angle 6,. This evalu-
ation is performed for each candidate angle and the angle
that produces the pair of hyperplanes with the fewest num-
ber of samples between them is selected as the optimal
sibling hyperplanes, from which the classification hyper-
plane is then determined.

The step size 8 may be selected to balance speed with
computational complexity. The step size 0 may be constant
or may vary based on the angle 8,. In some cases, the step
size 0 may be varied based on the distance between the
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minimum radius and maximum radius of the class or what-
ever other measure is used to determine the boundaries of
the search space.

Although the above-described process is based on a count
of'the number of samples “between the pair of hyperplanes”,
it will be appreciated that the process may be modified to be
based upon determining the number of samples on the
“wrong” side of their respective hyperplane. That is, count
the number of training samples of a class that are supposed
to be “below” a hyperplane but are actually “above” the
hyperplane, including those that are even beyond the other
sibling hyperplane (i.e. outside the space between the hyper-
planes).

FIG. 6 shows, in flowchart form, one example method 200
for building a soft margin SVM for classifying a new
sample. In operation 202, a distance d between the pairs of
hyperplanes is selected. The distance d may be selected
based upon target application requirements (e.g. desired
robustness in classification performance) and/or knowledge
about the training data (e.g. statistical variation). Note that
as the distance d grows, the trained SVMs become less
sensitive to the training samples near the boundary of the
decision plane, i.e., the samples in the region between the
pairs of hyperplanes.

In operation 204, index j is initialized to zero. Index j
steps through the candidate angles 6,. In operation 206,
index k is initialized to zero and a length variable 1, is
initialized to the lower boundary of the search space. The
length variable is a radius length p, ; for the candidate sibling
hyperplane closest to the origin, and 1,+d is the radius length
for its sibling. The initial length 1,, is set by the boundary of
the search space. In one embodiment the lower boundary

may be the minimum radius p, ; from among all samples ?i.
In other embodiments, the lower boundary may be selected
in another manner, such as the median radius of one of the
classes, an average radius of one of the classes, or some
other suitable starting point for the search space.

In operation 208, a count of the number of samples on the
“wrong” side of the respective hyperplanes is determined.
Because it is not necessarily known which hyperplane
corresponds to which class, the count may be determined for
both options. In one example, for k=0, the count C is
assessed as:

Co=Wirym—1&p, ;> lo} 1+ {iy~+1&p, <lp+d}|

Cor=Iizy—1&p, > lo} 1+ {iy—1&p, <lg+d}|

The count value that is a minimum is stored as the
minimum count C, ... For k=0, the minimum count may be
initialized by storing: C, ,,,=min{C,~,C,*}. Likewise, at
k=0, the index is stored as corresponding to the minimum
count: k, .. =0.

As indicated by operation 210, in subsequent iterations,
the minimum count and minimum index values are over-
written if a count is determined that is smaller than the
currently-stored minimum count.

In operation 212, the method 200 evaluates whether the
search space is finished. If not, then index k is incremented
and radius length 1 is increased by the step size d in operation
214. Subsequent iterations of operation 208 may evaluate

the expressions:

Gy =Niy=—1&p>h 1+ {iy~+1&p; <hAd}

Gy =Niy=+1&p > 1+ iy =—1&p; <bAd}|

Once the search space has been traversed, then in opera-
tion 218 the method 200 assesses whether all the angles have
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been evaluated. If not, then j is incremented in operation 218
and the method 200 returns to operation 206. Otherwise, in
operation 220, the optimal sibling hyperplanes are output on
the basis that they resulted in the minimum count found
across all candidate angles. In operation 222, a classification
hyperplane is defined based upon the optimal sibling hyper-
planes and in operation 224, that classification hyperplane is
used by the SVM in the classification of new samples.

In some embodiments, the computation of C,~and C,*,
respectively, in operation 208, is implemented by adding the
respective incremental changes to C,_,” and C,_,™, respec-
tively, to save computational complexity. That is:

Cy =Cry =iy —1&b_1<p, =y 1+ iy ~+1&D, 1+
d=p; >l+d)|

Cyr=Cy_ = Wioy+1&0,_ <p; sl e {ioy=—1&4,_+
d=p;;<l+d}|

In another embodiment, rather than fixing d, the distance
d between the sibling hyperplanes (or, rather, its inverse) and
the number of samples between the sibling hyperplanes (or
a count of those samples on the “wrong” side of their
hyperplane) may be made variables in a joint cost optimi-
zation expression. By finding a minimum joint cost, the
optimal d and hyperplanes may be selected.

3D and Above

The processes described above in connection with 2D
examples may be extended to 3D or higher-dimension data
spaces. In a 3D or higher-dimension space, each training

sample ?i is an N-tuple, i.e., has N elements, wherein N is
an integer larger than 2.

In the case of hard margin SVM, the candidate sibling
hyperplanes will have the same conditions as were defined
above in the 2D case, e.g. they are parallel to each other, one
passes through at least one negative sample and the other
passes through at least one positive sample, and there are no
samples between the hyperplanes. The search for optimal
sibling hyperplaces is again a search for the candidate
sibling hyperplanes that are a maximum distance apart.

The polar coordinate system is extended to an N-dimen-
sional space (e.g. a spherical coordinate system in a 3D

space). Specifically, { €, . . ., € ., } denote an orthonormal
basis of the N-dimensional space. Then any hyperplane H

can be uniquely represented by an N-tuple EZ(GO, co0ap)
and a radius p such that:

N-1

Z cos? = 1.

~

s
Note that the sum constraint on 6 indicates that the

dimension of 6> is N-1. Using a (?,p) representation of a
hyperplane, the hard margin process described above is
modified to map the angle space [0,m)x[0,2)™2 into an

— —
ordered set { 6o, ..., 0 ,,,}. In all remaining operations,

—
the same process is carried out but using 6 ; for 6,.
The same extension may be applied to the soft margin
process for extending it to higher-dimensional data space.
The above-described hard and soft margin processes may
be modified to balance computational complexity and accu-
racy through various optional refinements or modifications.
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Successive Angle Vector Refinement

It will be noted that in order to maintain accuracy in
mapping the angle space to a discrete set, the set size M
grows exponentially with respect to the number N of dimen-
sions. When N is large, M might become too large to be
practical. To address this issue, in one embodiment the angle
space may be “successively refined”. In particular, using the
example of hard margin SVMs, first find an optimal angle

—
vector 6 .. and corresponding sibling hyperplanes using a
coarse quantization of the angle space. Then successively
refine that optimal angle vector using finer quantization of a
smaller angle space centered around the optimal angle
vector.

For example, the hard margin SVM building process may
be modified as follows:

1. Initialize a counter T to 0, and select a positive integer
M® based on an accuracy level ¢, e.g. a quantization step
size. Let V© denote the angle space [0,m)x[0,2m)"2.

— —

2. Map V@ 1o an ordered set @={0,, .. .,0 0}
according to ™. One way to construct @™ is to use uniform
scalar quantization on each dimension with step size ¢™. In

—
this way, for any 0 in V™, there is a member in @ that is
within L1 distance of

N = 1)g®
2

—

of 0.
3. Perform the hard margin SVM building process to

determine the optimal angle vector Fj*(‘).

4. Increment T by 1, and select a new positive integer M
based on a new accuracy level ¢™<q™ . In one example,
q®=aq™ ", where o is a positive constant less than 1.

Update V™ to be an L1 ball centred at Fj*(‘"l) given by

()

filo-")

i

W -1
= .
2

5. Repeat operations 2-4 until desired accuracy is
achieved, i.e., q;_,, is lower than a prescribed threshold, or

— — -
the change between 0 j*(‘) and 0 j*(”" ?is less than a thresh-
old value.

In one variation of the above embodiment, there might be

other angle vectors in ® that tie with Fj*(‘) in terms of
margin. In these cases, a union of all the L1 balls centred at
all these angle vectors may be used to construct V.

Similar modifications may be made to the soft margin
SVM building process to implement successive refinement
in that process.

Further Parameter Quantization

In the above-described training processes, a hyperplane is

uniquely identified by an angle vector 6) and a radius p (the
radius being normal to the hyperplane). If the hyperplane is

—
in an N-dimensional space, then the dimensions of 6 is
N-1. To facilitate the training process, the parameter space

—
of 0 is quantized and mapped to a finite set. However, in the
examples descried above, the parameter p has not been
quantized and can take any positive real value in (0,%). In
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some further embodiments, to simplify the search, the
processes may map p into a finite set, e.g. {r,, . ..,r;_, }. One

consequence of having both 6> and p to take values in finite
sets is that the whole parameter space may now be repre-
sented by an MxL matrix P, where each entry corresponds to
a hyperplane.

One example implementation of this quantized parameter
space in hard margin SVM construction is described below.

Suppose that {(X,y,);:0si<n} are the training samples,

where each ?i is an N-dimensional vector. The following
operations may be carried out to build a hard margin SVM:
1. Map the angle space [0,m)x[0,27)¥2 in to an ordered

— —
set{8,,...,0,, }, where M is a positive integer. Initialize
two MxL matrices with zeros:

Poo Por-1
PF — N N
Pir-10 Pi—1i-1
Poo Por-1
[ . .
Pu-1,0 Pu-1,1-1

2. Let Q denote a mapping from (0,%0) to an ordered set
{re, - - . ,tz_;}, where each r,0=k<L, is a positive real
number, and r,<r, for any O<k<l<L.

3. For each ?i, i=0, n-1, and for each 6)1.,
=0, ... ,M-1, calculate the radius p, , of the hyperplane that

— . g .
passes x; and whose angle vector is 0 ; according to p, =<

X, [} /. and increment p; 5, * in P* by 1 if y,=+1 or

pjg(p) in P~ byllfyf—

4. For each 6].:

(a) search from left to right in p, ;. .
first nonzero entry at position 1
entry at position 1,,°,
pj nax =T

(b) search from left to right in p, ,*.
first nonzero entry at posmon 1
entry at position 1

- Pjz- to find the
i @nd the last nonzero
and store p; ., =T; _,
- Pjz_;" to find the
mine and the last nonzero
max > and store p, . =1,

mint?

Pjmar 1
(©) ]compute and store d max{pj,
Opmax )

5. ]5eterm1ne j*=argmax,d,, and return (6,0 ;") and
(05075 e ) as the two sibling hyperplanes if p. "=
Ot e 2Py mint —Pyemax 3 Otherwise, return (0.
and (0,0« ... ) @s the two sibling hyperplanes.

Another example implementation of this quantized
parameter space, using soft margin SVM construction in this
case, is described below.

1. Map the angle space [0,7)x[0,2:)"~>

+ _ _
min _pj,max 5pj,min -

spj*,min

in to an ordered

— —
set{8,,...,0 ,, .}, where M is a positive integer. Initialize
two MxL matrices with zeros:

+ +
Poo -+ Por-1
P . .
+ +
Pum-1,0 Pum-1,0-1
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-continued
Poo Po.L1

Pu-10 -+ Pu-11-1

2. Let Q denote a mapping from (0, ) to an ordered set
{ro, - . . r;_1}, where each r,, 0<k<L, is a positive real
number, and r,, ,=r,+0 for any Osk<L-1, where § is a
positive constant that divides d.

3. For each ?i, i=0, n-1, and for each 6)].,
=0, . .. ,M-1, calculate the radius p,; of the hyperplane that

—
— . .
passes X, and whose angle vector is 6 ; according to p, =I<

?i, 6 1, and increment p; Oty *in P* by 1 if y~=+1 or

P00, ~in P~ by 1 if y~=1.
4. For each 8, do the following. For brevity, denote d/d by
t.
(a) Initialize a counter k=0, and compute Cy
gt D 4T, and G, P
2, "p; . Store C; ,;,~min{C,” ,C *} and k; ,,,,=0
(b) Increment k by 1.
(¢) Update C;, =2, " 'p,/ +Z:" 7', =Co =D+
Diesr—t” and G =2 pj,l++ZZ:0k+t_lpj,Z =
Ci ) +—pj A I min{C,~,C,*}<C,,,, then
update C, ,,,=min{C,~,C,*}, and k, . =k.
(d) Repeat operations (b) and (c¢) until k=L.-1-t.
5. Determine j*=argmin,C, ,,,, and return (6. i ) and

(®, ol _+o) as the two sibling hyperplanes.

Dynam1c Training Set Adaptation

In the above examples, the training sets are presumed to
be static and the static training sets are used to determine a
classification hyperplane that is then used to classify new
samples. However, in some applications it may be desirable
to allow for dynamic training sets; i.e. to refine or adapt the
determination of the classification hyperplane over time as
new training samples are generated or old training samples
are removed from the set. It would further be advantageous
if the refinement/adaptation would avoid re-executing the
entire SVM building process each time there is a new
training sample or a removed training sample.

The following example processes build upon the above
examples involving a quantized parameter space, wherein
the matrices P+ and P- are used to store the counts of the
quantized radii that correspond to hyperplanes through the
training samples at the various candidate angle vectors.
Because the matrices retain all the calculated counts, the
refinement processes need only account for the presence of
a new sample or the removal of a sample.

For example, in the case of hard margin SVM using a
quantized parameter space, a new sample is dealt with by
determining the radius of a hyperplane passing through the
sample at each of the candidate angle vectors and, for each
hyperplane, mapping the radius to the quantized parameter
space and incrementing the corresponding matrix value.
Note that only one of the matrices is updated since the new
training sample is either y=—1 or y=+1. The search through
the matrix for the optimal radius for each angle vector is then
carried out for the updated matrix and, if d, has changed,
then new sibling hyperplanes are returned.

With reference to the above-described hard margin SVM
process with a quantized parameter space, the following
example process may be used to update the SVM to account

for a new sample (?n,yn):
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1. Let i=n.

-
2. For each 8 , j=0, . .. ,M-1, calculate the radius p, ; of

the hyperplane that passes ? and whose angle vector is Fj

according to p, ; I<x 6 1, and decrement p; ooy *in P* by
lify=+1orp, Oy ~in P by 1 if y=-1.

3. Perform elther operation 4(a)(if y,=—1) or operation
4(b)(if y,=+1) to identify the minimum and maximum radii
for both classes, then determine whether the resulting mini-
mun/maximum radii are the same as before or whether they
have changed, i.e. is d, the same? If changed, then determine
the corresponding sibling hyperplanes as in operation 5,
above.

With reference again to the example hard margin SVM
process with a quantized parameter space, the following
example process may be used to update the SVM to account

for removal of the sample (?O,yo):
1. Let i=0.

-
2. For each 8 , j=0, . .. ,M-1, calculate the radius p, ; of

the hyperplane that passes ? and whose angle vector is Fj

according to p, I<x 6 1, and decrement p; Oy *inP* by
lify=+1orp, Oy ~in P by 1 if y=-1.

3. Perform either operation 4(a)(1f y,=—1) or operation
4(b)(if y,=+1) to identify the minimum and maximum radii
for both classes, then determine whether the resulting mini-
mun/maximum radii are the same as before or whether they
have changed, i.e. is d, the same? If changed, then determine
the corresponding sibling hyperplanes as in operation 5,
above.

Yet another situation is that a training sample is re-
classified. For example it may be reclassified from positive
to negative. In such a case, a similar approach is used to
determine the hyperplane corresponding to each candidate
angle vector and to update both the matrices, i.e. increment
an element of one matrix and decrement the corresponding
element in the other matrix. Operation 4 for finding the
sibling hyperplanes is then carried out. In the case of a
re-classified training sample, both operations 4(a) and 4(b)
are performed since both matrices have been altered by the
change.

Adapting the SVM to account for addition or removal of
training samples can also be applied to the case of soft
margin SVMs. The following examples again presume use
of a quantized parameter space and the P matrices. To add

new sample (Yn,yn) the following operations may be carried
out:
1. Let i=n.

2. For each 62., 70, . . . ,\M-1, calculate the radius p, , of

the hyperplane that passes ? and whose angle vector is 6>

according to p, fl<x 6 1, and increment p; o, " *in P* by
lify=+lorp, o in P by 1 ify=-1.
3. Perform operatlons 4 and 5 to update the SVM.

The removal of sample (xo,yo) may be implemented
using the following example operations:

1. Let i=0.

2. For each 62, 770, . . . ,M-1, calculate the radius p, ; of
the hyperplane that passes ? and whose angle vector is 6>

according to p, I<x 6 1, and decrement p; 5, 5 *inP* by
lify=+1orp, oy, ~in P by 1 if y=-1.
3. Perform operatlons 4 and 5 to update the SVM.
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Reclassification of an existing sample involves the fol-
lowing operation:

For each 6)1., 370, ... ,M~1, calculate the radius p, ; of the

hyperplane that passes ?i and whose angle vector is Fj

according to p, = <X, 6) 1, and decrement p;, Q(Pf,->+ in P* by
1 and incrementp;, Oy, ~in P~ by 1. Then perform operations
4 and 5 to update the SVM.

Parallel Implementation

In general, the above-described processes lend themselves
to parallel implementation. For example, in the case of the
hard margin SVM first described above, the computation of

p;, for (?i,ej) is independent of any other p,,. where
(1,))=(1',j"), which indicates that [.>1 computing units may be
used to compute L different p, ; simultaneously.

In one example embodiment, L. computing units are used
where the ith unit is used to compute {p, +;j=0, .. . ,M-1} for

— — — . — .
X ;X015 Xs401s - - - - 10 this case, each sample x, remains

within one computing unit and thus the bandwidth of
moving ?i among different computing units is saved.

In another example embodiment, [. computing units are
used where the jth unit is used to compute {p, ;i=0, ... n-1}

for 6 6]+L, Fﬁu, . ... Inthis case, each angle Fj remains
Wlthm one computing unit and thus the subsequent search
1O P; ir > Pjyman » Pjmin", and p; . * is within the com-
puting unit, saving the bandwidth cost of moving p, ; among
different computing units.

Applications

The above-described example processes for building and/
or modifying an SVM may be applied to a number of
classification problems. Examples include CDVA, medical
data analysis and online image classification, voice quality
rankings or other user feedback situations. CDVA, in par-
ticular, involves the standardization of descriptors as Com-
pact Descriptors for Video Analysis. An analyzer produces a
compact representation of a video to be interpreted by a
CDVA decoder. The application for CDVA may include
classification of media and entertainment, for example. In
some cases, CDVA may be applied to real-time object
classification and identification. CDVA may have applica-
tion to automotive driver assistance or driver-less operation.
Object classification in images or video is a challenge that
may be broken down into binary classification decisions
regarding a sample based on a database of training samples.
CDVA may also benefit from online addition or removal of
training samples for refining the classifier.

In the context of classifying objects in image and video
data, a supervised or a semi-supervised system provides
training samples as input to train a classifier or a classifi-
cation engine/machine. A training sample can be a matrix of
pixels with a class label, or descriptors extracted from such
a matrix. Typical examples of binary class labels include:
representing a human face or not, including a person or not,
including a car object or not, representing a finger print or
not, including a man-made object or not, etc. Typical
examples of extracted descriptors include a quantized DCT
coeflicient matrix, a matrix of quantized color values, SIFT
(scale-invariant feature transform) descriptors as described
by D. G. Lowe in “Distinctive image features from scale-
invariant keypoints”, International Journal of Computer
Vision, pp. 91-110, 2004, and their variants, minutiae in
biometrics, etc.

Ongoing training and classification may also be useful for
classifiers in real-time or near real-time feedback systems,
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such as online services in which users can provide positive
or negative quality assessments. Such user assessments,
together with data capturing corresponding system param-
eters and running status, provide training samples that allow
a classifier to be built to help identify important parameters
to tune, and/or predict future user experience given a current
system status. For example, in a typical voice over IP
(internet protocol) application, user feedback ranking the
call quality may be used to build training samples along with
performance data and system parameters like communica-
tion bandwidth, signal-to-background noise ratio, echo can-
cellation settings, speaker phone on/off, packet loss rate, etc.

Other applications will be appreciated by those skilled in
the art.

Generalized SVM Construction

Reference is made to FIG. 7, which shows, in flowchart
form, a generalized process 300 for SVM construction. The
process 300 includes an operation 302 of finding candidate
sibling hyperplane pairs. As noted in the above examples,
the mechanisms for determining the candidate sibling hyper-
plane pairs may include defining them along a radius normal
to the hyperplanes and at a candidate angle vector to the
origin in a coordinate system. In some cases, the angle space
is quantized. In some cases, the candidate radii are quan-
tized. The search may be based on hard margin or soft
margin.

In operation 304, the optimal candidate sibling hyper-
plane pair is selected. In one embodiment, this selection may
be on the basis that it maximized the distance between the
pair of hyperplanes while ensuring no samples fall between
them, i.e. hard margin. In another embodiment, this selection
may be on the basis that it minimizes the number of training
samples between the pair of hyperplanes while ensuring that
the hyperplanes are at least a minimum distance apart, i.e.
soft margin. In yet another embodiment, the selection is
based on a joint cost optimization expression that attempts
to balance the maximization of the distance between the
hyperplanes with the minimization of the number of samples
between the hyperplanes.

In operation 306, having seclected the optimal sibling
hyperplanes, a classification hyperplane is then determined
based upon the optimal sibling hyperplanes. In one embodi-
ment, the classification hyperplane is parallel to, and equi-
distant between the two sibling hyperplanes. In another
embodiment, the classification hyperplane is between the
two sibling hyperplanes, but not necessarily equidistant
between them. For example, if there are more positive (or
negative) samples between the optimal sibling hyperplanes,
the classification hyperplane may be placed closer to the
negative (or positive, respectively) samples, and is thus no
longer equidistant between the two sibling hyperplanes.

In operation 308, new samples are classified using the
classification hyperplane.

It will further be understood that the SVM may be updated
or refined, without having to run the full construction
process, as new training sample data is received, old training
samples are removed, or old training samples are reclassi-
fied.

Reference is now also made to FIG. 8, which shows, in
block diagram form, one example system 400 for imple-
mentation of one of the above-described example processes.
The system 400 may include a computing device 410 having
one or more processors 402 and memory 404. The
processor(s) 402 execute processor-readable instructions to
carry out the operations of the example process for building
an SVM. The computing device 410 may include a mobile
device, such as a smartphone, tablet, laptop, smartwatch,
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wearable computing device, or any other such mobile com-
puting device. The computing device 410 may also include
any other type of computing device, including a computer,
server, or a special-purpose computing device.

In some cases, the system 400 may include one or more
remote device 420 configured to communicate with the
computing device 410 over one or more wired or wireless
networks 430. Any one or more of the operations of a given
process may be carried out by one or more of the remote
devices 420 and the results provided to the computing
device 410. The remote devices 420 may include servers,
computers, mobile devices, or any other such computing
elements.

It will be appreciated that the processes and systems
according to the present application may be implemented in
a number of computing devices, including, without limita-
tion, servers, suitably-programmed general purpose comput-
ers, and mobile devices. The processes may be implemented
by way of software containing instructions for configuring a
processor or processors to carry out the functions described
herein. The software instructions may be stored on any
suitable non-transitory computer-readable memory, includ-
ing CDs, RAM, ROM, Flash memory, etc.

It will be understood that the devices described herein and
the module, routine, process, thread, or other software
components implementing the described methods/processes
may be realized using standard computer programming
techniques and languages. The present application is not
limited to particular processors, computer languages, com-
puter programming conventions, data structures, other such
implementation details. Those skilled in the art will recog-
nize that the described processes may be implemented as a
part of computer-executable code stored in volatile or non-
volatile memory, as part of an application-specific integrated
chip (ASIC), etc.

Certain adaptations and modifications of the described
embodiments can be made. Therefore, the above discussed
embodiments are considered to be illustrative and not
restrictive.

What is claimed is:

1. A method of classifying a portion of an image or video
using a classifier, the classifier being based upon a set of
samples in a data space, wherein each sample of the set of
samples comprises classified image data, wherein the set
includes a plurality of samples of one class and a plurality
of samples of another class, and wherein the portion of the
image or video comprises a new sample in the data space,
the method comprising:

training the classifier by:

mapping an angle space to a fixed set of angle vectors
and,
for each angle vector,
finding, for each sample, a candidate hyperplane
associated with that angle vector, wherein each
candidate hyperplane is a radial distance from
an origin point measured along a vector from
the origin and normal to the candidate hyper-
plane, and wherein the direction of the vector is
given by the angle vector in the data space;
selecting, as an optimal pair of hyperplanes, a pair of
the candidate hyperplanes associated with one angle
vector of the first set of angle vectors on the basis of
a distance between pairs of the candidate hyper-
planes parallel to each other and the number of
samples between the candidate hyperplanes; and
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determining a classification hyperplane as a hyperplane
parallel to and between the optimal pair of hyper-
planes, and

determining whether the portion of the image or video is

in the one class or in the another class based on which
side of the classification hyperplane the new sample is
located.

2. The method claimed in claim 1, wherein, each candi-
date hyperplane passes through at least one of the samples
of one of the classes, and wherein selecting comprises
selecting the optimal pair of hyperplanes on the basis that
they have the largest distance between them among all pairs
of candidate hyperplanes that have no samples between
them.

3. The method claimed in claim 1, wherein, each candi-
date hyperplane passes through at least one of the samples
of one of the classes, the distance is fixed, and wherein
selecting comprises selecting the optimal pair of hyper-
planes on the basis that they have the fewest number of
samples between them among all pairs of candidate hyper-
planes.

4. The method claimed in claim 1, wherein, for each
candidate hyperplane, its radial distance is mapped to a fixed
set of radial distances.

5. The method claimed in claim 4, wherein identifying
comprises building a first matrix for the one class and a
second matrix for the another class, and wherein the matri-
ces contains counts corresponding to candidate hyperplanes
corresponding to a sample of that respective class at a
particular angle vector and radius.

6. The method claimed in claim 1, further comprising
outputting the classification determination.

7. The method claimed in claim 1, further comprising
receiving new classified image data which comprises a new
training sample, determining additional candidate hyper-
planes corresponding to the new training sample, determin-
ing whether the additional candidate hyperplanes result in
selection of a new optimal pair of hyperplanes and, if so,
determining an updated classification hyperplane.

8. The method claimed in claim 1, further comprising
removing one of the samples from the set of samples by:

identifying, for each angle vector, a hyperplane corre-

sponding to the removed sample and removing them as
candidate hyperplanes, determining whether the
reduced set of candidate hyperplanes results in selec-
tion of a new optimal pair of sibling hyperplanes and,
if so, determining an updated classification hyperplane.

9. The method claimed in claim 1, wherein the data space
is an N-dimensional data space, and wherein the angle space
comprises [0,7)x[0,2)"=2.

10. The method claimed in claim 1, wherein the set of
samples comprises a set of compact descriptors for video
analysis, and wherein the new sample is a descriptor relating
to the portion of the image or video.

11. A non-transitory processor-readable medium storing
processor-executable instructions which, when executed,
cause one or more processors to perform the method claimed
in claim 1.

12. A classification device for classifying a portion of an
image or video using a classifier, the classification device
being based upon a set of samples in a data space, wherein
each sample of the set of samples comprises classified image
data, wherein the set includes a plurality of samples of one
class and a plurality of samples of another class, and wherein
the portion of the image or video comprises a new sample in
the data space, the classification device comprising:
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one Or mMore processors;

memory; and

processor-executable instructions that, when executed by

the one or more processors cause the one or more
processors to:
map an angle space to a fixed set of angle vectors and,
for each angle vector,
find, for each sample, a candidate hyperplane
associated with that angle vector, wherein each
candidate hyperplane is a radial distance from
an origin point measured along a vector from
the origin and normal to the candidate hyper-
plane, and wherein the direction of the vector is
givne by the angle vector in the data space;
select a pair of the candidate hyperplanes associated
with one angle vector of the first set of angle vectors
as an optimal pair of hyperplanes on the basis of a
distance between pairs of the candidate hyperplanes
parallel to each other and the number of samples
between the candidate hyperplanes;
determine a classification hyperplane as a hyperplane
parallel to and between the optimal pair of hyper-
planes; and
determine whether the portion of the image or video is
in the one class or in the another class based on
which side of the classification hyperplane the new
sample is located.

13. The classification device claimed in claim 12,
wherein, each candidate hyperplane passes through at least
one of the samples of one of the classes, and wherein the one
or more processors select the optimal pair of hyperplanes on
the basis that they have the largest distance between them
among all pairs of candidate hyperplanes that have no
samples between them.

14. The classification device claimed in claim 12,
wherein, each candidate hyperplane passes through at least
one of the samples of one of the classes, the distance is fixed,
and the one or more processors select the optimal pair of
hyperplanes on the basis that they have the fewest number
of samples between them among all pairs of candidate
hyperplanes.

15. The classification device claimed in claim 12,
wherein, for each candidate hyperplane, its radial distance is
mapped to a fixed set of radial distances.

16. The classification device claimed in claim 15, wherein
the one or more processors further identify candidate hyper-
planes by building a first matrix for the one class and a
second matrix for the another class, and wherein the matri-
ces contains counts corresponding to candidate hyperplanes
corresponding to a sample of that respective class at a
particular angle vector and radius.

17. The classification device claimed in claim 12, wherein
the instructions further cause the output of the classification
determination.

18. The classification device claimed in claim 12, wherein
the instructions further cause the one or more processors to
receive new classified image data which comprises a new
training sample, determine additional candidate hyperplanes
corresponding to the new training sample, determine
whether the additional candidate hyperplanes result in selec-
tion of a new optimal pair of hyperplanes and, if so,
determine an updated classification hyperplane.

19. The classification device claimed in claim 12, wherein
the instructions further cause the one or more processors to
remove one of the samples from the set of samples by:

identifying, for each angle vector, a hyperplane corre-

sponding to the removed sample and removing them as
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candidate hyperplanes, determining whether the
reduced set of candidate hyperplanes results in selec-
tion of a new optimal pair of sibling hyperplanes and,
if so, determining an updated classification hyperplane.

20. The classification device claimed in claim 12, wherein 5
the data space is an N-dimensional data space, and wherein
the angle space comprises [0,7)x[0,2m)" 2.

21. The classification device claimed in claim 12, wherein
the set of samples comprises a set of compact descriptors for
video analysis, and wherein the new sample is a descriptor 10
relating to the portion of the image or video.
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